Abstract-Music is beautiful, and music communication is a dissemination of beauty, which could make more people enjoy that kind of beauty. MicroBlogging, as a new media, is more and more popular for users, especially for younger people. The timeliness of Microblogging makes it more convenient for music communication on the Internet. In this paper, we study how a musical event is propagated according to this new kind of media. Our purpose is to find influential people about some given event. We propose an information propagation model for Microblogging, and its estimation method. By two real datasets, we validate the efficiency of the proposed method.
INTRODUCTION
Microblogging is a broadcast medium in the form of blogging. A microblog differs from a traditional blog in that its content is typically smaller in both actual and aggregate file size. Microblogging allows users to exchange small elements of content such as short sentences, individual images, or video links. These small messages are sometimes called microposts [1] . As with traditional blogging, microbloggers post about topics ranging from the simple, such as what I'm doing right now, to the thematic, such as "sports cars." Commercial microblogs also exist to promote websites, services and products, and to promote collaboration within an organization. Some microblogging services offer features such as privacy settings, which allow users to control who can read their microblogs, or alternative ways of publishing entries besides the web-based interface. These may include text messaging, instant messaging, E-mail, digital audio or digital video.
Nowadays, large scale network analyses of Microblogging have been relatively scarce. Java et al. [2] examined the follower network and reported high degree correlation and reciprocity in the follower network, and revealed that there was great variety in users' intentions and usages on Microblogging. Huberman et al. [3] examined tweeting behavior in relation to the following networks of Microblogging users and that they refer to as the friend network. A friend is another user to which the user has directed two or more tweets (using the "@username" convention). Their results show that the number of tweets is more strongly related to the number of friends than the number of followers, suggesting that users' actual interactions reflect a different network than the following relationships suggest. Thus the interaction network, rather than the follower network, is preferable for network analyses of Microblogging.
While studies of Microblogging have been sparse, similar analyses are much more prevalent in the blog arena. Most relevant to the present work are network structure and information diffusion analysis [4] [5] [6] [7] [8] [9] . In summary, while network properties of Microblogging have not been studied extensively, previous work including considerable work on blogging networks, suggests that the active interaction network is of higher value than the follower network, particularly with respect to analyses of information diffusion.
In this paper, we build on the network by constructing interaction networks based on the following relation mentions to extract network structural properties and attributes of users and content that predict in formation propagation within these structures. We propose an information propagation model on the Microblogging, and do some experiments do validate the efficiency of the proposed model on real Microblogging dataset.
The rest of the paper is organized follows. In section 2, we introduce some background about Microblogging networks, the power law attribute of the Microblogging networks and random walk on such networks. In section 3, we describe our proposed information propagation model and its estimation method. In section 4, we do some experiments on some real datasets. Related work is given in section 5. Conclusion is given in section 6.
II. BACKGROUND
In this section, we introduce some background about Microblogging networks, power law distribution of networks and Random walk on networks.
A. Microblog Networks
In a Microblogging, the relationship between users is following, that is user A follows another user B who attracts him. In figure 1 , user A is a follower, and user B is a followee. Whenever user B publics a message, and then user A would see it on his homepage. Hence, the following relationship indicates the transmission direction of a message. Once some event information is posted by its initiator, users that have seen this message would construct a network, and this network is called information propagation network. 
B. Power Law Distribution
Power law distribution is a type of probability distribution: if the frequency (with which an event occurs) varies as a power of some attribute of that event (e.g. its size), the frequency is said to follow a power law. For instance, the number of cities having a certain population size is found to vary as a power of the size of the population, and hence follows a power law. Empirically this relationship will hold only approximately (in the limit), not strictly.
Mathematically, a strict power law distribution is a probability distribution that is a truncated monomial [10] :
, where the exponent  is greater than 1 (otherwise the tail has infinite area), the minimum value min x is needed otherwise the distribution has infinite area as x approaches 0, and the constant C is a scaling factor to ensure that the total area is 1, as required by a probability distribution. More often one uses an asymptotic power law -one that is only true in the limit.
Typically the exponent falls in the range 23  , though not always.
C. Random Walk on Networks
A random walk of length k on a possibly infinite graph G with a root 0 is a stochastic process with random variables 12 In other words, in a transient system, one only needs to overcome a finite resistance to get to infinity from any point. In a recurrent system, the resistance from any point to infinity is infinite. This characterization of recurrence and transience is very useful, and specifically it allows us to analyze the case of a city drawn in the plane with the distances bounded.
A random walk on a graph is a very special case of a Markov chain. Unlike a general Markov chain, random walk on a graph enjoys a property called time symmetry or reversibility. Roughly speaking, this property, also called the principle of detailed balance, means that the probabilities to traverse a given path in one direction or in the other have a very simple connection between them (if the graph is regular, they are just equal). This property has important consequences [11] .
If the transition kernel ( , ) p x y itself is random (based on an environment  ), then the random walk is called a random walk in random environment. When the law of the random walk includes the randomness of  , the law is called the annealed law; on the other hand, if  is seen as fixed, the law is called a quenched law. We can think about choosing every possible edge with the same probability as maximizing uncertainty (entropy) locally.
III. INFORMATION PROPAGATION MODEL
A directed graph G is a pair (V, E), where V is a set of nodes (or vertices) and E V V is a set of directed links (or edges). If there is a directed link (u, v) from node u to node v, node v is called a child of node u and node u is called a parent of node v.
there is a path from u to v. For a node v of G, we define ( ; ) SCC v G to be the SCC that contains v.
A. Problem Statement
In this paper, we aim to find the most influential event leaders whenever an event happens.
Given a Microblogging networks G, when something interesting happened, a user posts the event on his Microblogging, as more and more users on the network see this event, and thus it is very important to find the most influential leaders about this event. 
B. User Influence
Firstly, we define a correlative coefficient , ij C where i and j compose a directional relationship that user j follows user i. , ij C is determined by the frequency that user j replies to user i at i's tweets and that user j retweets & mentions i in j's own tweets. We formulize 
To screen the overweight of the user influence by one's exceptive followers with extremely high authority according to formula (2), we finally adjust user's weight on user influence by (3) and (4). , ,
, F except the current user j. The value of α is invariably no more than 1, thus when user j has a large set of followers, coefficient α helps avoid overrating j's authority to user i.
C. Estimation Method
Now, we present a method of efficiently estimating all the marginal gains ∇σ (A) for the influence degree σ (A) of target set AV  , and we have
for any vV  , where q is the corresponding occupation probability distribution, and || S denotes the number of elements in a subset S of V. For a sufficiently large positive integer M, let 1 { , , } M rr be a set of sample vectors drawn independently from the probability distribution q on R G . Then, we can approximate the influence degree ( { }) Av
Basically, we consider estimating ∇σ(A) by using formula (5 A r v C u G  .
Set ( ; )
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End while IV. EXPERIMENTS
In this section, we do some experiments to validate the efficiency of our user influence analysis method.
Microblogging is a new media, and it is mainly used by young people. At the same time, music is also liked by young people. In order to test the experiments, we use a very important musical event, The Voice, as our running example.
A. Experimental Setup and Dataset
We crawled Sina and Tencent Microblogging from China, and build "The Voice" social networks for these two Microblogging website. Table 1 illustrates the details of our datasets. In order to verify the attributes of the two dataset, we compute degree and PageRank of each of them, and the degree distribution and the PageRank value distribution of the two datasets are in figure 3 , 4, 5 and 6. From these figures we can see that degree distribution and PageRank value of the two datasets all conform to the power law distribution, which means that only a small number of users are important, and most of the users are not important in these networks. 
B. Experimental Resuts
Our finding that the popularity of posts drops off with a power law distribution is interesting since intuition might lead one to believe that people would "forget" a post topic in an exponential pattern. However, since linking patterns are based on the behaviors of individuals over several instances, much like other real-world patterns that follow power laws such as traffic to Web pages and scientists' response times to letters, it is reasonable to believe that a high number of individuals link posts quickly, and later linkers fall off with a heavytailed pattern.
Our findings have potential applications in many areas. One could argue that the conversation mass metric, defined as the total number of posts in all conversation trees below the point in which the blogger contributed, summed over all conversation trees in which the blogger appears, and is a better proxy for measuring influence. This metric captures the mass of the total conversation generated by a blogger, while number of in-links captures only direct responses to the blogger's posts. For example, we found that Sina and Tencent, which are very popular Microblogs about musical events, are engaged in many cascades. Actually, 85% of Sina posts were cascade initiators. The cascades generally did not spread very far but were wide in Fig. 7 and 9 . On the other hand 53% of posts from Tencent were cascade initiators. But the cascade here were deeper and generally larger in Fig. 8 and 10 than those of Sina.
The methods chosen for clustering were decided mainly for simplicity, as the main goal was to present ideas for some blog characterization. For Cascade Type and Post Features 6, we ran PCA after taking the log counts. There are other methods available for reducing variance, however, we chose log for the sake of simplicity. It may be of interest to use different forms of TF-IDF, a method often used in text mining. We have analyzed many characteristics of Microblogs, based on conversation patterns, post features, and post patterns over time. From this basis, given a blog, we can infer a number of things about that blog based on these metrics, two.
V. RELATED WORK
There is a rich literature around propagation through networks that is relevant to our work, from a variety of fields ranging from thermodynamics to epidemiology to marketing. Here, we provide a broad survey of these areas, and give some details around recent work in disease propagation that is closest in spirit to the models we present.
A. Information Propagation and Epidemics
Much previous research investigating the flow of information through networks has been based upon the analogy between the spread of disease and the spread of information in networks. This analogy brings centuries of study of epidemiology to bear on questions of information diffusion. For more details, see the book of Bailey [12] for some of the extensive work in this field.
Classical disease-propagation models in epidemiology are based upon the cycle of disease in a host: a person is first susceptible (S) to the disease. If then exposed to the disease by an infectious contact, the person becomes infected (I) (and infectious) with some probability. The disease then runs its course in that host, who is subsequently recovered (R) (or removed, depending on the virulence of the disease).
Girvan et al. [13] study a SIR model with mutation, in which a node u is immune to any strain of the disease which is sufficiently close to a strain with which u was previously infected. They observe that for certain parameters it is possible to generate periodic outbreaks, in which the disease oscillates between periods of epidemic outbreak and periods of calm while it mutates into a new form. In blog space, one could imagine the mutation of Arnold qua movie star into Arnold qua governor.
Early studies of propagation took place on "fully mixed" or "homogeneous" networks in which a node's contacts are chosen randomly from the entire network. Recent work, however, focuses on more realistic models based on social networks. In a model of small-world networks defined by Watts and Strogatz [14] , Moore and Newman [15] are able to calculate the minimum transmission probability for which a disease will spread from one seed node to infect a constant fraction of the entire network (known as the epidemic threshold).
In blogspace, however, many topics propagate without becoming epidemics, so such a model would be inappropriate. One refinement is to consider a more accurate model of power-law networks. Eguiluz and Klemm [16] have demonstrated a non-zero epidemic threshold under the SIS model in power-law networks produced by a certain generative model that takes into account the high clustering coefficient-the probability that two neighbors of a node are themselves neighborsfound in real social networks [14] . Another refinement is to modify the transmission model. Wu et al. [17] consider the flow of information through real and synthetic email net-works under a model in which the probability of infection decays as the distance to the initiator v0 increases. They observe that meme outbreaks under their model are typically limited in scope, unlike in the corresponding model without decay, where the epidemic threshold is zero, exactly as one observes in real data. Newman et al. [18] have also empirically examined the simulated spread of email viruses by examining the network defined by the email ad-dress books of a user community. Finally, Newman [19] is able to calculate properties of disease outbreaks, including the distribution of outbreak sizes and the epidemic threshold, for an SIR model of disease propagation.
B. The Diffusion of Innovation
The spread of a piece of information through a social network can also be viewed as the propagation of an innovation through the network. (For example, the URL of a website that provides a new, valuable service is such a piece of information.) In the field of sociology, there has been extensive study of the diffusion of innovation in social networks, examining the role of word of mouth in spreading innovations. At a particular point in time, some nodes in the network have adopted the innovation, and others have not. Two fundamental models for the process by which nodes adopt new ideas have been considered in the literature.
In the threshold models [20] , each node u in the network chooses a threshold [0, 1] u t  , typically drawn from some probability distribution. Every neighbor v of u has a nonnegative connection weight w u,v so that In the Cascade models [21] , Whenever a social contact () vu  of a node u adopts, then u adopts with some probability p v,u . In other words, every time a person close to a person u adopts, there is a chance that u will decide to "follow" v and adopt as well.
The General Cascade model proposed by Kempe, Kleinberg, and Tardos [22] generalizes the Independent Cascade model in [23] and also simultaneously generalizes the threshold models described above by discharging the independence assumption.
C. Game Theoretic Approaches
The propagation of information through a social network has also been studied from a game theoretic perspective, in which one postulates an increase in utility for players who adopt the new innovation or learn the new information if enough of their friends have also adopted. For example, each player chooses whether to switch from video tape to DVDs; a person with friends who have made the same choice can benefit by borrowing movies. In blogspace, sharing discussion of a new and interesting topic with others in one's immediate social circle may bring pleasure or even increased status.
Morris [24] and Young [25] consider a setting like the following coordination game: in every time step, each node in a social network chooses a type {0, 1}. Here, we interpret players of type one to have adopted the meme. Each player i receives a positive payoff for each of its neighbors that has the same type as i, in addition to an intrinsic benefit that i derives from its type. (Each player may have a distinct utility for adopting, depending on his inherent interest in the topic.) Suppose that all but a small number of players initially have type 0. Morris and Young explore the question of whether type 1's can "take over" the graph if every node chooses to switch to type 0 with probability increasing as the number of i's neighbors that are of type 0 increases.
There has also been work in the economics community on models of the growth of social networks when an agent u can selfishly decide to form a link with another agent v, who may have information that u desires to learn. There is a cost borne by u to establishing such a link, and a profit for the information which u learns through this link. References [26, 27] explore properties of the social network which forms under this scenario.
VI. CONCLUSION
Social media, such as Microblogging, forms a central domain for the production and dissemination of real-time information. Even though such flows of information have traditionally been thought of as diffusion processes over social networks, the underlying phenomena are the result of a complex web of interactions among numerous participants. In this paper, we define the information propagation model on a Microblogging. Our purpose is to find influential people in the propagation process of an event. We also give the estimation method of the user influence. Experiments on two real dataset validate the efficiency of the proposed method.
